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Predicting human mobility patterns has many practical applications in urban planning, traffic
engineering, infectious disease epidemiology, emergency management and location-based services.
Developing a universal model capable of accurately predicting the mobility fluxes between locations
is a fundamental and challenging problem in regional economics and transportation science. Here,
we propose a new parameter-free model named opportunity priority selection model as an alterna-
tive in human mobility prediction. The basic assumption of the model is that an individual will
select destination locations that present higher opportunity benefits than the location opportunities
of the origin and the intervening opportunities between the origin and destination. We use real
mobility data collected from a number of cities and countries to demonstrate the predictive ability
of this simple model. The results show that the new model offers universal predictions of intracity
and intercity mobility patterns that are consistent with real observations, thus suggesting that the
proposed model better captures the mechanism underlying human mobility than previous models.
PACS numbers: 89.75.-k, 89.75.Kd, 05.40.-a
I. INTRODUCTION
Predicting the mobility of people, goods and infor-
mation between locations is a long-term important re-
search topic in many fields such as transportation sci-
ence, economic geography, and regional economics. For
more than 100 years, researchers have proposed a variety
of models for predicting mobility between locations [1–4],
and these models are called spatial interaction models in
economic geography [5] and trip distribution models in
transportation science [6]. The most widely used model
is the gravity model [7] because a mobility pattern sim-
ilar to Newton’s law of universal gravitation is observed
in many fields, such as human travel [3, 8–10], migration
[11], goods transportation[12], international trade [13],
mobile communications [14], and even scientific collab-
orations [15]. In this shared pattern, the mobility (or
interaction) between two locations is proportional to the
location masses (e.g., populations) and decays with their
distance. Despite the gravity model is widely used, it
relies on at least one adjustable parameter that needs to
be estimated using available mobility data [6]; moreover,
the parameters of the gravity model vary from region to
region [16]. Developing a universal model that can ac-
curately predict the mobility between locations without
relying on an adjustable parameter is a challenging prob-
lem.
The radiation model [17] was the first-developed
parameter-free mobility model, and its basic assump-
tion is that when an individual seeks job offers from
all locations, he/she will select a location that is closest
to his/her home location and has higher benefits than
∗ yanxy@bjtu.edu.cn
his/her home location. The radiation model does not
consider the distance as a variable and does not have
any adjustable parameters. Once the spatial distribu-
tion of the population is input, the model can precisely
predict the commute between locations. Another typ-
ical parameter-free mobility model is the population-
weighted opportunities (PWO) model [18], and its ba-
sic assumption is that the chance of a destination being
chosen by an individual is proportional to the number
of opportunities at the destination, and inversely pro-
portional to the total population at the locations whose
distances to the destination are shorter than or equal to
the distance from the individual’s origin to the destina-
tion. The PWO model can not only accurately predict
intracity trips [18], but can also predict intercity travel
on diverse spatial scales [19]. Overall, the parameter-free
mobility model has become an important class of spatial
interaction models [20].
In this paper, we propose a new parameter-free model
as an alternative in human mobility prediction. In this
model, the chance of a destination being chosen by an in-
dividual is proportional to the probability that the desti-
nation has higher benefits than locations whose distances
from the individual’s origin are shorter than or equal to
the distance from the origin to the destination. The des-
tination selection rule of this model is very similar to the
rule of the PWO model [18], although the new model
is derived from an underlying set of first principles. Al-
though the proposed model is inspired by the model of de-
liberate social ties (DST) [21], our model is more suitable
for practical mobility predictions, and has very broad ap-
plication prospects.
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FIG. 1. Model illustration (a) Sketch map. Each circle represents a location. Location i is the origin, and the other locations
are potential destinations. (b) Intervening opportunities illustration. All locations are sorted by their distance from location i.
If location j is a destination, then the intervening opportunities are all opportunities of the locations between i and j such that
sij = ma +mb +mc, where ml is the number of opportunities at location l. (c) Model example. We use zl to represent the
maximum opportunity benefit of location l, and bars of different heights on the figure to indicate the z values for each location.
If the maximum opportunity benefits of the locations are zi = 2, za = 1, zb = 1, zc = 3, and zj = 10, then the individual
at location i will only choose location c in the radiation model. However, in practice, the individual may choose c or j with
different probabilities.
II. MODEL
We use the derivation of the radiation model [17] as
a starting point to lead our new model. In the radia-
tion model, when an individual seeks job offers from all
locations, he/she first evaluates the benefits z of the em-
ployment opportunities offered by the locations. Here
the number of employment opportunities in each loca-
tion is proportional to the location’s population, and the
benefits of the opportunities are randomly chosen from a
distribution p(z). Then the individual will select a loca-
tion that is closest to his/her home location (origin) and
has a maximum opportunity benefit that is higher than
the best offer available in his/her origin.
According to the above process, for an individual at
location i, the probability that location j is closest to i
and has a maximum opportunity benefit that is higher
than that of i is [17]
Qij =
∫ ∞
0
Prmi(z)Prsij (< z)Prmj (> z)dz, (1)
where mi is the number of opportunities at location i,
mj is the number of opportunities at location j, sij is
the sum of the number of opportunities at all locations
whose distances from i are shorter than the distance from
i to j (named intervening opportunities [2], see Fig. 1(a-
b)), Prmi(z) is the probability that the maximum benefit
obtained aftermi samplings is exactly z, Prsij (< z) is the
probability that the maximum benefit obtained after sij
samplings is less than z, and Prmj (> z) is the probability
that the maximum benefit obtained after mj samplings
is greater than z.
Since Prx(< z) = p(< z)
x, we can obtain
Prx(z) =
dPrx(< z)
dz
= xp(< z)x−1
dp(< z)
dz
. (2)
Eq. (1) can be written as [17]
Qij =
∫ ∞
0
mip(< z)
mi−1
dp(< z)
dz
p(< z)sij [1− p(< z)mj ]dz
= mi
∫ 1
0
[p(< z)sij+mi−1 − p(< z)mj+sij+mi−1]dp(< z)
= mi
p(< z)sij+mi
sij +mi
∣∣∣1
0
−mi
p(< z)mj+sij+mi
mj + sij +mi
∣∣∣1
0
= mi
1
sij +mi
−mi
1
mj + sij +mi
=
mimj
(mi + sij)(mi + sij +mj)
.
(3)
Then, the probability that the individual at location i
chooses location j as the destination is
Pij =
Qij∑
j
Qij
=
mimj
(mi + sij)(mi + sij +mj)
/
k∑
j=1
mimj
(mi + sij)(mi + sij +mj)
=
mimj
(mi + sij)(mi + sij +mj)
/
k∑
j=1
(
mi
mi + sij
−
mi
mi + sij +mj
)
=
mimj
(mi + sij)(mi + sij +mj)
/
(
mi
mi
−
mi
mi + sik +mk
)
=
1
1− mi
M
·
mimj
(mi + sij)(mi + sij +mj)
,
(4)
where k is the number of destinations, M is the number
of opportunities in all locations. This is a generalized ra-
diation model with normalization factor for finite systems
[22]. Kang et al. further developed a more generalized
radiation model [23] by imposing the normalization fac-
3tor, spatial scaling exponent, searching direction and trip
constraint. Since the number of opportunities in a loca-
tion is assumed to be proportional to the population of
the location [2, 17], the variables mi, sij , mj and M in
Eq. (4) can directly represent the populations of their
corresponding locations.
The basic assumption of the radiation model is that the
destination selected by the individual is the closest loca-
tion whose opportunity benefits are higher than the op-
portunity benefits of the origin. In practice, however, the
individual may choose not only the closest location with
higher opportunity benefits than that of origin, but also
other locations with higher opportunity benefits than the
benefits of origin opportunity and intervening opportu-
nities. Fig. 1(c) shows an example. In the radiation
model, the individual at location i only chooses location
c as the destination, although in practice, location j may
be selected by the individual with a higher probability.
Therefore, in the new model, we assume that for the indi-
vidual at location i, all locations whose maximum oppor-
tunity benefits are higher than the opportunity benefits
of i and the benefits of the intervening opportunities sij
can be selected as a destination. If the opportunity bene-
fits of the locations are random variables with a distribu-
tion p(z), the probability that the maximum opportunity
benefit of location j will be higher than the benefits of
the opportunities mi and sij is
Qij =
∫ ∞
0
Prmi+sij (z)Prmj (> z)dz
=
∫ ∞
0
(mi + sij)p(< z)
mi+sij−1
dp(< z)
dz
[1− p(< z)mj ]dz
= (mi + sij)
∫ 1
0
[p(< z)mi+sij−1 − p(< z)mi+sij+mj−1]dp(< z)
= (mi + sij)
p(< z)mi+sij
mi + sij
∣∣∣1
0
− (mi + sij)
p(< z)mi+sij+mj
mi + sij +mj
∣∣∣1
0
= 1−
mi + sij
mi + sij +mj
=
mj
mi + sij +mj
=
mj
Sij
,
(5)
where Prmi+sij (z) is the probability that the maximum
benefit obtained after mi + sij samplings is exactly z,
Prmj (> z) is the probability that the maximum benefit
obtained after mj samplings is greater than z, Sij is the
sum of the intervening opportunities and the opportuni-
ties in location i and j such that Sij = mi + sij + mj
(see Fig. 1(b)) and the other variables have the same
meanings as in Eq. (3).
Then, the probability that the individual at location i
chooses location j as the destination in the new model is
Pij =
Qij∑
j
Qij
=
mj/Sij∑
j
mj/Sij
∝ mj/Sij . (6)
From Eqs. (5-6) we can see that the derivation proce-
dure of the new model are consistent with that of the
generalized radiation model (see Eqs. (3-4)), and the
two models both include the finite-size effect, i.e. the
number of opportunities in all locations M =
∑
imi is
finite [22].
The probability Pij in Eq. (6) is very similar to the des-
tination selection probability in the original PWO model
[18], i.e.
Pij =
mj(1/Sji − 1/M)∑
j
mj(1/Sji − 1/M)
, (7)
and that in the simplified PWO model [19], i.e.
Pij =
mj/Sji∑
j
mj/Sji
∝ mj/Sji. (8)
From Eqs. (6-8) we can see that the main difference be-
tween the new model and the PWO model is that the
PWO model uses Sji as an independent variable but the
new model uses Sij . More essential difference is that the
PWO model directly establishes its destination selection
rule [18, 19], whereas our new model is derived from an
underlying set of initial principles, i.e., the destination se-
lected by an individual will be a location whose maximum
opportunity benefits are not only higher than the oppor-
tunity benefits of his/her origin but also higher than the
benefits of the intervening opportunities. We therefore
name our new model the opportunity priority selection
(OPS) model.
If we set a separate location for each individual (i.e.,
there is only one individual in a location), Eq. (6) can be
rewritten as Pij ∝ 1/(sij + 2), which is the same as the
DST model without the traveling-time constraint [21].
The DST model focuses on the social ties between indi-
viduals. If the attribute value of individual j is higher
than the attribute values of individual i and the inter-
vening opportunities sij , then a directed social tie from i
to j will be built with the probability 1/(sij + 2). How-
ever, the DST model needs spatial coordinates for each
individual, which are difficult to obtain in practice. In
actual spatial interaction or trip distribution prediction
work, researchers pay more attention to the mobility be-
tween zones (that are abstracted into locations with fixed
coordinates), such as traffic analysis zones (TAZs) [6] in
urban transportation planning or cities in intercity inter-
actions. Since data such as the populations of TAZs or
cities are readily available, the zone-based mobility model
is more practical.
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FIG. 2. Comparison between the predictions of the OPS model and the empirical data of intracity trips. (a-d)
Predicted and real distributions of trip distances P (d). (e-h) Predicted and real distributions of the number of trips P (T ).
(i-l) Predicted and observed trips. The gray points are the scatter plots for each pair of locations. The blue points represent
the average number of predicted trips in different bins. The standard boxplots represent the distribution of the number of
predicted trips in different bins of the number of observed trips. A box is marked in green if the line y = x lies between 10%
and 91% in that bin. Otherwise, the box is marked in red.
III. RESULTS
We use the intracity trip and intercity travel datasets
recording the trips between different TAZs or cities to
test the predictive ability of the OPS model. This test
work is equivalent to the trip distribution prediction,
which is the second step of the four-step travel demand
modeling process [6]. For the OPS model, the trip dis-
tribution prediction formula is
Tij = OiPij = Oi
mj/Sij∑
j
mj/Sij
, (9)
where Tij is the total number of trips from origin i to des-
tination j, and Oi is the total number of trips departed
from i. The number of opportunitiesmj of location j can
be replaced by the total number of trips to destination j.
We employ four intracity trip datasets to validate the
model’s predictions. The first dataset is the trip records
of taxi passengers in Shenzhen from 18 April 2011 to 26
April 2011 [18]. When a passenger gets on or gets off a
taxi, the coordinates and time are recorded automatically
by a GPS-based device installed in the taxi. We partition
the map of Shenzhen into equal-area square TAZs, each
of which is of dimension 1 km2. We extract 1070198 taxi
passengers trip records from this dataset. Some evidence
indicates that the average trip distance of taxi passen-
gers is similar to the commuting distance [24] and the
spatial distribution of taxi passengers is similar to that
of populations [25]. Thus, the taxi passengers’ data can
capture the intracity trip patterns to some extent [18].
The second dataset is the check-in records of the web-
site Foursquare [26] for users in New York. Foursquare
is a location-based social networking website on which
users share their locations when checking in. The dataset
contains 42035 individuals, in which 23520 users have
trips among different TAZs (here the TAZs are defined as
the 2010 census blocks, see www.census.gov/geo/maps-
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FIG. 3. Comparison between the predictions of the OPS model and the empirical data of intercity travel. (a-d)
Predicted and real distributions of travel distances P (d). (e-h) Predicted and real distributions of the number of travels P (T ).
(i-l) Predicted and observed travels.
data/maps/block/2010/), and the total number of trip
steps is 113279. Another two datasets are the check-
in records of the website Gowalla [27] for users in Lon-
don and Berlin, which are very similar to the Foursquare
dataset in New York. These geo-tagged and time-
stamped check-in datasets have unique social and spatial
properties that are useful for human mobility behavior
studies [28].
We first investigate the trip distance distribution P (d),
which is a representative feature to capture human mobil-
ity behaviors [29–31]. As shown in Fig. 2 (a-d), the dis-
tributions of trip distances predicted by the OPS model
are consistent with the real distributions. We next ex-
plore the distribution of the number of trips between two
locations. As shown in Fig. 2 (e-h), the predicted dis-
tributions P (T ) are consistent with the statistical results
from the empirical data. A more detailed measure of a
model’s ability to predict mobility patterns can be im-
plemented in terms of the trip fluxes between all pairs
of locations produced by the OPS model compared with
those of real observations. As shown in Fig. 2 (i-l), the
model’s predicted and the real trip fluxes are nearly sta-
tistically indistinguishable. Overall, the OPS model is
universally applicable to intracity trip prediction.
We further use four intercity travel datasets to test
the predictive ability of the OPS model. The datasets
include the check-in records of the website Sina Weibo
[19] for users in mainland China, the check-in records
of the website Foursquare [32] for users in the conti-
nental United States, the communication records of mo-
bile phone users in Cote d’Ivoire [33], and the check-in
records of the website Gowalla [27] for users in Belgium.
Among them, the Cote d’Ivoire mobile phone call detail
record (CDR) dataset collects the time and positions of
users making phone calls or sending text messages in a
5-month period, and the intercity social network check-in
datasets have the same format with the intracity check-
in datasets. Since we focus on movements among cities,
all the positions within a city are regarded as the same
with an identical city label. Fig. 3 shows that the OPS
model can also produce very good prediction results for
intercity travel patterns.
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FIG. 4. Comparison between the predictive ability of the OPS model and the benchmark models in terms of
the SSI. The estimated parameters of the gravity model are β = 1.20 for Shenzhen, 0.54 for New York, 1.33 for London, 1.72
for Berlin, 0.96 for China, 1.35 for US, 1.07 for Cote d’Ivoire, and 1.20 for Belgium.
We use the Sørensen similarity index (SSI) [34] to com-
pare the predictive accuracy of the mobility fluxes of the
OPS model with typical parameter-free mobility models,
including the radiation model and PWO model. The SSI
is a statistic tool for identifying the similarity between
two samples. Here, we use a modified version [35] of the
index to measure whether real fluxes are correctly repro-
duced (on average) by the model, and it is defined as
SSI =
1
N(N − 1)
N∑
i
N∑
j 6=i
2min(T
′
ij , Tij)
T
′
ij + Tij
, (10)
where T
′
ij is the number of trips from location i to j
predicted by the model and Tij is the observed number
of trips. Obviously, if each T
′
ij is equal to Tij , then the
index is 1, whereas if all T
′
ij are far from the real values,
then the index is close to 0.
The comparison results are shown in Fig. 4. For all
studied cases, the overall prediction accuracy of the OPS
model is remarkably higher than that of the radiation
model and close to that of the PWO model. For the
intracity trip distribution cases, the OPS model is even
more accurate than the PWO model.
We further compare the predictive accuracy of the OPS
model with the classic origin-constrained gravity model
[6], i.e.,
Tij = Oi
mjd
−β
ij∑
j
mjd
−β
ij
, (11)
where dij is the distance between locations i and j, and
β is a parameter. Fig. 4 shows that the prediction accu-
racy of the OPS model is very close to that of the gravity
model and even higher than that of the gravity model in
certain cases. Moreover, the gravity model has to esti-
mate the model’s parameters using real data before mak-
ing a prediction, whereas the OPS model does not require
estimated parameters and can predict the trip distribu-
tions with very high accuracy, which suggests that the
OPS model is more universal than the gravity model.
Finally, we compare the travel distance distributions
predicted by the OPS model and the benchmark models,
as shown in Fig. 5. From which we can see that the
OPS model, as good as the PWO model, can precisely
reproduce the observed distributions of travel distance.
However, the prediction results of the radiation model
deviates significantly from the real data. This implies
that the assumption of the OPS model is more reason-
able than that of the radiation model for general travel.
In some cases (see Fig. 5 (c) and (f)) the results of the
OPS model are even better than that of gravity model
with adjustable parameters, which again implies the uni-
versality of the OPS model.
IV. CONCLUSIONS
We developed an OPS model as an alternative to
parameter-free mobility models for the prediction of in-
tracity and intercity mobility patterns. The basic rule of
this model is that the probability that a destination will
be selected by an individual is proportional to the number
of location opportunities at the destination and inversely
proportional to the total number of the intervening op-
portunities and the location opportunities at the origin
and destination. Compared to the PWO model, the OPS
7101 102
d (km)
10−6
10−5
10−4
10−3
10−2
10−1
100
P(
d)
a
100 101
d (km)
10−5
10−4
10−3
10−2
10−1
100
P(
d)
b
100 101
d (km)
10−5
10−4
10−3
10−2
10−1
100
P(
d)
c
100 101
d (km)
10−4
10−3
10−2
10−1
100
P(
d)
d
102 103
d (km)
10−5
10−4
10−3
10−2
10−1
100
P(
d)
e
102 103
d (km)
10−4
10−3
10−2
10−1
100
P(
d)
f
102
d (km)
10−5
10−4
10−3
10−2
10−1
100
P(
d)
g
101 102
d (km)
10−4
10−3
10−2
10−1
100
P(
d)
h
Data
PWO
Gra ity
Radiation
OPS
FIG. 5. Comparing the travel distance distributions predicted by the OPS model and the benchmark models.
(a) Shenzhen. (b) New York. (c) London. (d) Berlin. (e) China. (f) United States. (g) Cote d’Ivoire. (h) Belgium.
model is derived from an underlying set of first principles
instead of directly making assumption about the attrac-
tiveness of locations. Compared to the radiation model,
the OPS model can more reasonably reflect the actual
human destination selection behavior patterns. The mo-
bility patterns resulting from the OPS model are con-
sistent with real data with respect to the trip distance
distribution, the trip flux distribution and the average
fluxes between all pairs of locations. Furthermore, the
trip distribution prediction accuracy of the OPS model
is higher than that of the radiation model, similar to that
of the PWO model, and closely consistent to that of the
gravity model with estimated parameters, thus suggest-
ing that our new model better captures the underlying
mechanism that drives human mobility.
The main drawback of the proposed OPS model is
that it uses geographic distance as the criterion to rank
the locations. The geographic distance in heterogeneous
environments does not usually correspond to the actual
length of travel [36]. In practice, travelers use travel costs
as a primary factor to evaluate which locations are more
accessible. Therefore, the extended OPS model should
rank the locations according to the travel costs on the
network when detailed transportation network data are
available. We believe that such changes will definitely
increase the accuracy of the OPS model predictions.
Human mobility behavior is strongly correlated with
social interactions [27, 37]. The OPS model can not only
predict human mobility patterns, but can also evaluate
the social tie connectivity [21] of cities and countries.
Since social tie density is a function of population den-
sity [38], the OPS model can measure the overall social
tie connectivity and local connectivity of each location
using population distribution data. Moreover, the OPS
model can be used to quantify and assess the impacts of
demographic changes, transportation networks and other
infrastructure developments. Thus, it has broad applica-
tion prospects in urban planning, transportation man-
agement, infrastructure assessment, etc.
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